The concentrations of sugars in fruit vary with fruit development, environment and genotype. In general, there were weak correlations between the variations in sugar concentrations and the activities of enzymes directly related with the synthesis or degradation of sugars. This finding suggests that the relationships between enzyme activities and metabolites are often non-linear and are difficult to assess. To simulate the concentrations of sucrose, glucose, fructose and sorbitol during the development of peach fruit, a kinetic model of sugar metabolism was developed by taking advantage of recent profiling data. Cell compartmentation (cytosol and vacuole) was described explicitly, and data-driven enzyme activities were used to parameterize equations. The model correctly accounts for both annual and genotypic variations, which were observed in 10 genotypes derived from an interspecific cross. They provided important information on the mechanisms underlying the specification of phenotypic differences. In particular, the model supports the hypothesis that a difference in fructokinase affinity could be responsible for a low fructose-to-glucose ratio phenotype, which was observed in the studied population.
INTRODUCTION
There is high variability in sugar concentrations of peach accessions (Cant ın et al., 2009) . Although sugar content varies immensely, the concentration of fructose and glucose is nearly equal in most commercial varieties of peach at maturity. In wild or ornamental peaches, the fructose-toglucose ratio is usually between 0 and 0.1 because the fructose concentration is very low (Moriguchi et al., 1990; Kanayama et al., 2005) . Hereafter, this particular phenotype will be referred to as the 'low fructose-to-glucose ratio' phenotype. Because there is relative variation in the sweetness of sugars (Pangborn, 1963) , it is important to understand the mechanisms that control sugar metabolism. With this knowledge, varieties that meet the expectations of consumers can be created.
In peach, carbon enters the fruit in the form of sucrose and sorbitol. These are two main end products of photosynthesis in source organs (Moriguchi et al., 1990) . As shown in Figure 1 , the arrows F1 and F2 schematically represent carbon flows in the cell. In the cell wall, the enzyme invertase hydrolyzes a proportion of sucrose into glucose and fructose, which then enters the cytoplasm of cells (F3). Sugars (sucrose, glucose and fructose) and sugar alcohol (sorbitol) are mostly metabolized in the cytosol, but they can be stored into the vacuole via specific transporters (F4, F5, F6, F7, F8 and F19) . In the cytosol, fructose and glucose are produced by hydrolyzing sucrose (F9, F10 and F13) or cytosolic sorbitol (F11 and F12) (Moriguchi et al., 1990) . In reactions catalyzed by fructokinase (FK, F14) and hexokinase (HK, F15), fructose and glucose are further phosphorylated (Kanayama et al., 2005) . The resultant hexose phosphates are used for any of the following purposes: (i) resynthesis of sucrose (F16); (ii) synthesis of other compounds, mostly structural compounds (F17); and (iii) respiration via the citric acid cycle (F18).
In recent studies, it was found that a large number of metabolites and enzymes are involved in sugar metabolism during fruit development. These studies have proven that there is no clear link between the concentration of given sugars and the enzymatic activity of related enzymes (Biais et al., 2014; Desnoues et al., 2014) . This finding suggests that the regulation of sugar metabolism is complex, and it results from the interaction of several components in a system. Therefore, an integrative approach is needed to elucidate metabolic networks and the regulatory mechanisms of these networks responsible for phenotypic changes.
Several approaches have been undertaken to model metabolic networks in plants with different levels of complexity (Rios-Estepa and Lange, 2007) . Among possible approaches, kinetic models are very useful to either investigate functional hypotheses or to perform in silico experiments, which provide mechanistic descriptions of metabolic functions. Kinetic modeling has been successfully applied to several metabolic networks in plants (Uys et al., 2007; Curien et al., 2009; N€ agele et al., 2010; N€ agele and Weckwerth, 2014) . Beauvoit et al. (2014) recently developed a kinetic model for the fruits of Solanum lycopersicum (tomato). The model simulates the sugar metabolism of tomato fruit and its reprogramming according to various stages of development. For Prunus persica (peach), G enard and Souty (1996) developed a model that simulated the accumulation of sugar during the development of fruits. This model was used to explore the natural phenotypic diversity of peach fruits. In particular, special attention was given to observed differences in the fructose-to-glucose ratio (Wu et al., 2012) . Despite having satisfactory agreement with experimental data, the structure of the model proposed by G enard and Souty (1996) was too simple and gave little evidence to support a hypothesis that explains low fructose concentration. One of the major limitations of this model was that it did not account for cell compartmentation. Subcellular compartmentation is essential for sugar accumulation (Patrick et al., 2013; G enard et al., 2014) , and it can significantly affect metabolite concentrations (Sweetlove and Fernie, 2013; Beauvoit et al., 2014; Fettke and Fernie, 2015) .
The objective of the present study was to decipher the mechanisms of sugar accumulation during peach fruit development. Based on this objective, a new kinetic model of sugar metabolism was developed. This model provided an explicit representation of cellular compartmentation (cytosol and vacuole) and data-driven enzymatic activities. The model is able to simulate the accumulation of sugars (sucrose, glucose and fructose) and sugar alcohol (sorbitol) on the timescale of peach fruit development, which extends from stone hardening to maturity. It correctly accounts for both genetic and annual variations, which were observed in the experimental data of 10 genotypes. The implementation of enzyme kinetic parameters in equations allows a direct identification of molecular mechanisms, which are involved in specific phenotypic differences during fruit development.
RESULTS

A dynamical model of sugar metabolic network in peach
A dynamic model was built to determine sugar metabolism in the mesocarp of peach fruit, as shown in Figure 1 . The model describes carbon pathways through different metabolites and cell compartments during fruit growth, which form a set of ordinary differential equations (Appendix S1). The metabolic network represented by the model is similar to networks described by Moriguchi et al. (1990) , Etienne et al. (2002) and Kanayama et al. (2005) . Hexose phosphates (glucose-1-phosphate, glucose-6-phosphate, fructose-6-phosphate and UDP-glucose) were represented as a single pool, because kinetic information on their mutual interconversion was lacking. Enzymatic reactions were represented by an irreversible Michaelis-Menten (MM) equation. Only allosteric regulation of acid invertase (AI) was taken into account based on a principle Figure 1 . Schematic network of the peach fruit sugar accumulation model. Arrows represent carbon flows. The corresponding kinetic equations are presented in Appendix S1. Abbreviations: AI, acid invertase; cyt, cytosol; FK, fructokinase; Fru, fructose; Glu, glucose; HexP, hexose-phosphate; HK, hexokinase; NI, neutral invertase; SDH, sorbitol dehydrogenase; SO, sorbitol oxidase; Sor, sorbitol; SPP, sucrose-phosphate phosphatase; SPS, sucrose phosphate synthase; Suc, sucrose; SuSy, sucrose synthase; Vac, vacuole. of parsimony (see the model description in Experimental procedures).
Based on the results of cytological analyses, the cytosol and the vacuole were compartmentalized explicitly (see Experimental procedures). Figure S1 shows experimental data and fitted curves, which illustrate the variation in vacuole-to-cell ratio and cytosol-to-cell ratio with the development of peach fruit. These cytological data completely agree with the data from peach leaves in a study conducted by Nadwodnik and Lohaus (2008) . These proportions were used in the model to split fruit fresh weight into fresh weights of vacuole and cytosol, and to calculate appropriate metabolite concentrations, which governed the enzymatic reactions within both compartments. In contrast to the cytosol and the vacuole, the apoplastic compartment was not explicitly represented in the model, but the effect of cellwall invertase was taken into account by partitioning the sucrose supply coming from the plant into the supply of hexose (F3) according to a time-dependent fraction k Suc (t) (see model description in Experimental procedures).
During fruit development, different mechanisms are used for exchanges between the cytosol and the vacuole in specific metabolites. Several active and passive transporters specific to sugars have been described at the tonoplast surface of plant cells (Doidy et al., 2012; Martinoia et al., 2012; Ludewig and Fl€ ugge, 2013) . They are included in the model according to the data available from the literature (see Experimental procedures).
The developed model was calibrated for 10 genotypes by estimating 14 parameters (see Experimental procedures; Table S1 ). During peach fruit development, the evolution in the concentration of four sugars (sucrose, glucose, fructose and sorbitol) was accurately simulated. It correctly reproduced genetic diversity, which was observed within the genotypes included in this study (Figure 2a ; Table S2 ). This includes a particular phenotype with a low fructose-to-glucose ratio. In addition, two of the 10 genotypes (one for each fructose type) were studied for 2 years ( Figure 2b ). In this case, the model was able to accurately predict the evolution of sugar concentration in Figure 2 . Evolution of the concentration (mg gFW À1 ) of sugars within the fruit during development (DAB, days after bloom). A comparison of model simulations (lines) with experimental data (circles are mean values and error bars represent standard deviations). Only simulations with no more than 10% deviation from the lowest sum of squared differences between simulations and observations were presented. Eight genotypes are presented in (a): four genotypes had a 'standard fructose-to-glucose ratio' phenotype (left) and four genotypes had a 'low fructose-to-glucose ratio' phenotype (right). Two genotypes are presented in (b): one with a 'standard fructose-to-glucose ratio' phenotype (left) and another with a 'low fructose-to-glucose ratio' phenotype (right) for two years, namely 2010 (green and red) and 2011 (blue and grey).
both years by estimating a single set of parameters per genotype.
Flow distribution through the metabolic network
For each genotype, the model enabled the calculation of intermediate carbon flows across the entire pathway. Figure S2 displays the predicted temporal evolution of the carbon flows in the system, which were expressed as a percentage of the total carbon uptake. The 10 genotypes had a similar flow distribution through the metabolic network. At the beginning of fruit development, sorbitol supply (F2) and hexose supply (F3) (fructose and glucose) represented the main sources of carbon for peach fruit. This accounted for almost half of the total carbon flow because of the activity of cell-wall invertase. With the development of peach fruit, the activity of cell-wall invertase decreased and the concentration of sucrose (F1) increased (35% on average at maturity). A large concentration of sucrose was stored in the vacuole as the flux of F4 increased with sucrose supply in the cell. Only a minor fraction was used for cell metabolism and hexose synthesis in the cytosol. Carbon flow catalyzed by acid invertase (F13) in the vacuole, however, increased at maturity because of the increasing concentration of vacuolar sucrose. In the cytosol, cell metabolism was mostly fueled by sorbitol. Although sorbitol represented 35% of sap sugar ( Figure S3 ), it had a low concentration in peach fruit. This results from its high degradation rate in the cytosol, which provided carbon for respiration (F18), structural compounds (F17) and other molecules for synthesis [sorbitol dehydrogenase (SDH), F11; sorbitol oxidase (SO), F12], and low storage in the vacuole (F19). Net flows of tonoplastic hexose transport (F5-F6 and F7-F8) varied during fruit development. Early stages were characterized by hexose storage in the vacuole, but the flow was reversed near the intermediate stage of fruit development. The flow catalyzed by AI (F13) was higher at peach fruit maturity. Fructose and glucose were produced in the vacuole and contributed to the synthesis of structural components (F17) and respiration (F18) by degrading cytosol (FK, F14; HK, F15) .
Flows catalyzed by enzymes sucrose synthase (SuSy) (F9), SDH (F11) and SO (F12) displayed reduced variation during fruit development across 10 genotypes, except for genotype C227, which had a higher F9 flow for two simulated years. Larger genetic variability was found for flows involved in the reaction of neutral invertase (NI) (F10), AI (F13), FK (F14) and HK (F15), and for the re-synthesis of sucrose by SPS and SPP (F16).
Sugar compartmentation
The distribution of sugars within the vacuole and cytosol was explored with model compartmentation. The model predicted a very low concentration of sucrose in the cytosol ( Figure S4 ), indicating that sucrose entering the fruit or synthesized via hexose phosphate was transported into the vacuole or directly metabolized. This is compliant with the increase in sucrose import flow (F4) and the light flow of sucrose degradation in cytosol (SuSy, F9; NI, F10; Figure S2 ). In contrast, the remaining three sugars had similar concentrations in both of the compartments (Figure S4) . The action of passive transport (i.e. dependent on concentration gradient) contributed greatly to this feature.
Origin of the observed phenotypic variability
To investigate the link between parameters and phenotypes, a principal component analysis (PCA) was performed on parameter values estimated for all genotypes. The inter-genotype variability of parameter values was higher than the intra-genotype variability. The PC1-PC2 plan represents 42.8% of the variation observed in the data set ( Figure S5 ), but it does not allow for the separation of two fructose-to-glucose phenotypes. Indeed, it contrasts genotypes according to other characteristics, that is, the direction of hexose transport between cytosol and vacuole (F5 and F7 was driven by VmTactiGlu and VmTactifFru, respectively), and according to the proportion of sucrose hydrolyzed upon its entry into the cell (F1 and F3 were modified by k Suc ). The genotypes C216 and C227 were further separated according to the synthesis of hexose phosphates by Khk, and their subsequent use for the synthesis of new compounds (F17 flow was driven by OthComp).
Figure 3(a) shows that the two fructose-to-glucose phenotypes could be better separated by a third principal component. The separation between two phenotypes seems to mostly result from a difference in the estimation of sorbitol transport (parameter TpassifSor), k Suc and substrate affinities of FK (Kfk) and HK (Khk), to a lesser extent ( Figure 3b ). Among these parameters, only the parameter Kfk is directly linked with fructose metabolism (degradation enzyme). For the 'low-fructose-to-glucose ratio' group, the significantly lower K M value of FK indeed resulted in increased fructose degradation ( Figure S6 ). Other parameters (TpassifSor, k Suc , Khk and TactifSuc) may point to an indirect effect via a change in substrate concentration.
Parameters directly linked to enzymes involved in fructose synthesis (Ksusy) and storage (TpassifFru) were not detected through PCA analysis. In the case of the 'low-fructose-to-glucose ratio' group, TpassifFru displayed slightly larger values, and was associated with the observed phenotype; however, the difference was not significant (Figure S6) . The TpassifFru parameter enables the exchange of fructose between the vacuole and the cytosol, according to the concentration gradient. In our model, TpassifFru only acts as an exporter because of the presence of an active transporter that stores fructose in the vacuole. The slightly higher values of TpassifFru may contribute to reducing fructose storage in the vacuole, allowing a higher degradation of fructose in cytosol.
Functional hypotheses for the 'low fructose-to-glucose ratio' phenotype
To explore functional hypotheses of the 'low fructose-toglucose ratio' phenotype, we simulated concentrations of sugars and sequentially exchanged the value of each parameter with the average estimated value of the opposite fructose type. For genotypes with the 'standard fructose-to-glucose-ratio' phenotype, fructose concentration was not affected by modifying parameters with the average estimated value of low-fructose genotypes. The change of the parameter TpassifFru induced a partial decrease in fructose concentration ( Figure S7 ), but only modification of the Kfk parameter was able to decrease the fructose concentration to almost zero, as observed in the low-fructose genotypes ( Figure 4a ). The same approach was applied to genotypes with the 'low fructose-to-glucose ratio' phenotype, and parameter values were estimated from genotypes with the standard phenotype. Only simulations involving a modification of the Kfk parameter resulted in higher fructose concentrations (Figure 4b ), which was comparable with what was observed in standard genotypes. In all cases, the modification of Kfk did not alter the concentrations of other sugars.
Based on these simulations, the affinity of FK is a good candidate that explains the 'low fructose-to-glucose ratio' phenotype. To further explore mechanisms involved in fructose degradation, the consequences of modified Kfk were examined on the carbon flows of the system (Figure 5) . As expected from the high connectivity of the network, our results indicate that modified fructokinase affinity affected most metabolic fluxes and induced a reorganization of the whole-system level. When Kfk was lowered to the average value estimated in low-fructose genotypes, fruit metabolism was activated in standard genotypes. Indeed, sucrose degradation (F9, F10 and F13), storage in the vacuole (F4), hexose degradation into hexose-P (F14 and F15), sucrose re-synthesis (F16) and hexose transport were increased between the vacuole and the cytosol (F7-F8 and F5-F6). Conversely, when the mean Kfk value of the genotypes with the 'standard fructose-to-glucose-ratio' phenotype was used for the simulation of genotypes with 'low fructose-to-glucose ratio' phenotype, sucrose degradation, transport and re-synthesis were reduced. Among the most affected metabolic fluxes, sucrose degradation by AI (F13) changed by 10% to 38% following the modification of Kfk, and depended on the genotype ( Figure S8 ; Table S3 ). Moreover, the variation of tonoplastic transport of fructose (F7-F8) exceeded 30%. The latter effect is not surprising because this flow depends directly on the gradient of fructose concentration across the tonoplast membrane.
A virtual classification experiment supports the role of Kfk as the determinant for the 'low fructose-to-glucose ratio' phenotype The previous section explored the effect of different fructokinase affinity on the genotypes included in this study, suggesting an important role in the emergence of a 'low fructose-to-glucose ratio' phenotype. Given the small panel of genotypes included in this study, other mechanisms might be involved and encoded in specific combinations of parameters. To ensure that Kfk 'alone' has an effective role in the 'low fructose-to-glucose ratio' phenotype, an in silico classification experiment was performed. This experiment was based on the generation of a large number of virtual genotypes. To achieve this objective, 100 000 virtual genotypes were first simulated and values of all parameters were taken randomly within the range of the previous estimations (see Experimental procedures) . The highest correlation of final fructose-to-glucose ratio was obtained with the Kfk parameter (Pearson correlation 0.57, P < 0.001). This confirmed that fructokinase affinity was involved in maintaining the balance between fructose and glucose content ( Figure S9 ). Hence, a new set of simulations was conducted with contrasted Kfk values. For half of the simulations, the Kfk value was fixed at an average estimated value of the 'standard fructose-to-glucose-ratio' phenotype (i.e. 16.58 mg gFW À1 ). For the remaining simulations, the Kfk value was fixed at an average estimated value of the 'low fructose-to-glucose ratio' phenotype (i.e. 1.52 mg gFW À1 ). Figure 6 shows the resultant fructose-toglucose ratio at maturity. A significantly lower ratio was observed for the simulations using the Kfk value from the 'low fructose-to-glucose ratio' phenotype (Wilcoxon test, P < 2.2e À16 ) than for those with the Kfk value from the 'standard fructose-to-glucose ratio' phenotype. The distribution of possible phenotypes was remarkably narrow with a low Kfk value: a high fructokinase affinity (low K M value) seems to guarantee a low fructose concentration (i.e. a fructose-to-glucose ratio of below 0.2), which is almost independent of other parameter values. On the other hand, large phenotypic variability was observed within simulations with a high Kfk value (associated with the 'standard fructose-to-glucose ratio' phenotype) as well as emerging correlations with other model parameters, such as Khk and parameters linked to tonoplastic transport ( Figure S9 ). This suggests that other mechanisms may participate with fine fructose-glucose balance in standard genotypes.
DISCUSSION
We developed a dynamic model of sugar metabolism that was able to simulate the accumulation of sucrose, glucose, fructose and sorbitol during peach fruit development. In . The values of the KfK parameter were replaced by the average value of the KfK parameter, which was estimated for five genotypes with the 'low fructose-to-glucose' phenotype. Right: flux map of a genotype with 'low fructose-to-glucose' phenotype (H191). The value of the KfK parameter was replaced by the average value of the KfK parameter, which was estimated for five genotypes with the 'standard-fructose-to-glucose' phenotype. Maps corresponding to all genotypes are presented in Figure S8 .
this model, enzymatic activities were combined with subcellular compartmentation (cytosol and vacuole) and their evolution over time. When applied to 10 genotypes with different fructose phenotypes, the model correctly accounted for both genetic and annual variations observed in experimental data. Because of its mechanistic nature, the model is a valuable tool to investigate the mechanisms involved in the accumulation of sugars in peach fruit.
Model estimation of K M values
Previous studies have shown the presence of different isoforms of FK, SuSy and HK enzymes in peach fruits, which have different affinities for their substrates (Schaffer and Petreikov, 1997; Kanayama et al., 1998 Kanayama et al., , 2005 Tanase and Yamaki, 2000) . K M values related to these enzymes were estimated in this study; however, the estimated K M values were higher than expected. Previous studies (Kanayama et al., 1998 (Kanayama et al., , 2005 have reported that FK enzymes contained two isoforms with affinities for fructose of 1.3 and 0.054 mM, respectively. In the present model, the average affinity was estimated to be 100 and 5.5 mM, depending on the fructose type (18 and 1 mg gFW À1 ; Figure S6 ). For SuSy, the average estimated affinity for sucrose was 300 mM (140-150 mg gFW À1 ; Figure S6 ), whereas a K M of only 4.8 mM was observed in peach fruit (Moriguchi and Yamaki, 1988) . Many reasons account for the overestimation of K M values. In our model, fructokinase and hexokinase are supposed to act on fructose and glucose substrate, respectively. Thus, hexokinase and fructokinase enzymes were considered as abstracts of real enzymes in vitro, referring to total glucose and fructose phosphorylating activity, respectively, rather than specific enzyme species. This partially explains the discrepancies between the estimated values for K M and the values of K M measured in vitro.
A second source of overestimation of K M values is as follows: following our model selection procedure (see Model description), the mechanisms of enzyme inhibition were not represented for the aforementioned enzymes (Morell and Copeland, 1985; Doehlert, 1987; Ross and Davies, 1992; Schaffer and Petreikov, 1997) . In the absence of an explicit description of enzyme inhibition, the estimated K M values were interpreted as an effective average of enzyme affinity that depends on the specific physiological conditions or genotypes included in this study.
Sorbitol: the driver of sugar metabolism in peach
The sugar metabolic network is well known in model species, such as tomato and Arabidopsis thaliana, because it plays an important role in carbon and energy metabolism and signaling; however, it may differ among species. Peach, as well as most of the Rosaceae, differs from model species in that an alcohol sugar, sorbitol, is translocated from source to sink organs by providing an additional metabolic pathway, which is not well described.
The model points to a different utilization of sucrose and sorbitol from sap, providing clues to the role of sorbitol metabolism in peach. Almost all sucrose that is not hydrolyzed into the apoplasm is stored in the vacuoles. Sorbitol is highly degraded in the cytosol, and it is the main driver for the synthesis of structural compounds and respiration. High rates of sorbitol degradation result in the low concentrations observed in peach fruit, which may be an adaptation for the reduction of cytosolic sorbitol that can be toxic and cause tissue necrosis (Sheveleva et al., 1998) .
In a previous study, the re-synthesis of sorbitol through sorbitol-6-P-dehydrogenase was demonstrated in pear (Yamaki and Moriguchi, 1989) and loquat (Abnasan et al., 1999) fruits, but the same synthesis reaction may not be suitable for peach fruit (Sun et al., 2011) . The results from the model supported this conclusion. This indicates that sorbitol re-synthesis was not necessary for a good fit of sorbitol concentration in all genotypes of this study.
Vacuolar transport and sugar repartition within the cell compartments
In this study, the dynamic model accounted for cellular compartmentation and the explicit representation of the vacuole and the cytosol. Cellular compartmentation is essential for high-level sugar accumulation (Patrick et al., 2013) and unbiased metabolomic analysis. The activities or concentration patterns can change substantially when expressed in terms of total cell mass or individual subcellular compartments (G enard et al., 2014) . Beauvoit et al. (2014) showed this effect on the concentrations of ATP and ADP, which diminished over time when expressed in a Figure 6 . Fructose-to-glucose ratio at maturity for 100 000 simulations for which parameters were estimated and fruit weight was taken randomly, except that the Kfk value was fixed at the average estimated value of the 'standard fructose-to-glucose ratio' phenotype for 50 000 simulations (blue), and at the average estimated value of the 'low fructose-to-glucose ratio' phenotype for the 50 000 other simulations (red). [Colour figure can be viewed at wileyonlinelibrary.com] global manner, but remained constant when expressed with respect to cytosol volume.
The model therefore provides an insight into the distribution of sugars in the vacuole and the cytosol. It is difficult to obtain this information experimentally. The model predicts that fructose, glucose and sorbitol have almost the same concentration in both compartments. In contrast, the concentration of sucrose was much higher in the vacuoles than in the cytosol. Very few studies have reported on the concentration of sugar within cellular compartments. Farr e et al. (2001) experimentally determined the concentrations of sugars in the cytosol and the vacuole of Solanum tuberosum (potato tuber). Beauvoit et al. (2014) explored this feature via a metabolic model in tomato fruit. These two studies were in agreement with the present model, which states that the main sugar of a given fruit has high concentration in the vacuole, but is almost absent from cytosol. In other sugars, an equivalent concentration is present between the two compartments.
This feature is harder to assess when comparing sugar repartition, which is based on quantity. This is because of the uncertainty in the volumes of the compartments. Considering the relative compartment volumes of the vacuole and the cytosol in potato tuber cells, Farr e et al. (2001) reported that 85% of the sugar had to be in the vacuoles, as it had an equal concentration in both compartments. Our model predicted a higher ratio of 90-95%, which can be explained by the differences in cytosol and vacuole volumes in peach fruit with respect to potato tuber (Farr e et al., 2001) . These repartitions of sugars were also in agreement with those reported in Malus domestica (apple) fruit by Yamaki and Ino (1992) . They estimated that the proportion of vacuolar sugar was between 81 and 88%. For peach fruit at maturity, Jiang et al. (2013) reported that only 50-60% of sucrose, glucose, fructose and sorbitol were present in the vacuole. They did not give any indication of the volumes of the compartments in their study, however, thereby impeding a comparison and further prediction of repercussions of low vacuolar sugar contents in terms of differences between cytosolic and vacuolar concentrations.
Differences in FK affinity as a candidate mechanism for the 'low fructose-to-glucose ratio' phenotype Our model was applied to a panel of genotypes with different phenotypic traits, which paves the way to an in-depth investigation of molecular mechanisms underlying trait variations.
In silico experiments revealed that the fructose content was reduced by decreasing K M for FK. This was regardless of the initial fructose concentration and was independent of other parameter values. Similarly, a larger K M of FK increased the fructose concentration of genotypes with the 'low fructose-to-glucose ratio' phenotype. Such a result could not be achieved by modifying any other parameter. Therefore, FK is a good candidate for controlling the 'low fructose-to-glucose ratio' phenotype. In addition, two isoforms of FK with a different affinity for fructose have been identified in peach (Kanayama et al., 1998 (Kanayama et al., , 2005 . These isoforms may be in different proportions in two fructose types, which may result in the differential degradation of fructose and the emergence of two phenotypes.
In Arabidopsis leaves, a similar phenotype has been attributed to the action of tonoplastic transporter AtS-WEET17: it is an exporter of fructose from the vacuole to the cytosol (Chardon et al., 2013) . Similarly, Wei et al. (2014) found that the expression of the MdSWEET4.1 transporter (phylogenetically similar to AtSWEET17) was higher in the leaves than in the fruit of apple trees, and that the fructose concentration was lower in the leaves. The AtS-WEET17 transporter is a bidirectional passive transporter (Guo et al., 2014) , and its activity corresponds with the TpassifFru parameter of the model. Model simulations showed that an increase in fructose export from the vacuole led to a decrease in fructose concentration in genotypes with the 'standard fructose-to-glucose-ratio' phenotype. However, the predicted decrease was less than the one obtained by reducing the FK affinity parameter. On the other hand, TpassifFru is represented in the model as a passive transporter: its action only depends on the fructose gradient across the tonoplastic membrane. Its effect should thus be strengthened by coupling it with a 'pump' mechanism, such as FK, which hydrolyzes fructose in the cytosol. The fructose vacuolar transport and the two isoforms of FK are therefore compatible mechanisms that might act together for elaborating the 'low fructose-to-glucose ratio' phenotype.
The model presented in this study proved to be a helpful tool for the investigation of sugar metabolism in peach and for the identification of mechanisms underlying phenotypic variability. Indeed, this study reveals that a difference in fructokinase affinity is associated with the 'low fructose-to-glucose ratio' phenotype, which is observed in the studied population. Other mechanisms, such as a modification of fructose storage in the vacuole, may participate and act with fructokinase affinity to cause this particular phenotype. Moreover, the estimation of genetic parameters (parameters depending on genotypes) opens the way to further studies to explore the genetic control of sugar metabolism and to develop predictive tools. By estimating the parameter values of a large number of genotypes, it would be possible to identify genomic regions linked to parameter variations (quantitative trait loci, QTL). By integrating QTL information with model parameters, sugar composition in fruit could be simulated with genotypes of new allelic combinations (Reymond et al., 2004; Quilot et al., 2005; Quilot-Turion et al., 2016) .
EXPERIMENTAL PROCEDURES Plant material
The peach genotypes considered in this work were previously characterized by Quilot et al. (2004a) . The phenotypes come from progeny obtained from the following two backcrosses: Prunus davidiana (Carr.) P1908 and P. persica (L.) Batsch 'Summergrand' and 'Zephyr'. Trees were 14 years old in 2012. They were planted in 2001 in a completely randomized design in the orchard of the Institut national de la recherche agronomique (INRA) Research Centre of Avignon (southern France). All genotypes were grafted on GF305 seedling rootstock. They were grown under normal irrigation, fertilization and pest-control conditions. All trees were homogeneously pruned and thinned. This study was performed on eight different genotypes, which were harvested in 2012. Two other genotypes were harvested in 2010 and 2011. Genotypes were selected to provide sufficient fruits for this experiment and to encompass population variability, which was based on data from previous years at maturity. Five genotypes of peach had 'standard fructose-toglucose ratio'. The balanced fructose-to-glucose ratio at maturity was in the range of 0.6-0.9, which corresponds with the ratio found in commercial varieties. Five genotypes had a 'low fructose-to-glucose ratio' because the proportion of fructose was lower than that of glucose (sugar composition was measured at maturity, and the fructose-to-glucose ratio was in the range of 0.00-0.08).
Sugar concentration
For each genotype, the maturity date was extrapolated from previous data. The maturity level of fruits was defined as follows: (i) fruits were no longer growing; (ii) fruits were soft in texture; and (iii) fruits could be picked easily. The expected interval between bloom and maturity dates was divided into six equal periods. Nine fruits were collected at each of the six sampling dates, and they were organized in three pools, with each pool containing three fruits. Thus, three biological replicates were obtained. All fruits were weighed and peeled: the mesocarp was cut into small pieces, which were immediately frozen in liquid nitrogen and stored at -80°C. The samples were then ground into a fine powder with liquid nitrogen and stored at -80°C for future analyses. The concentrations of sucrose, glucose, fructose and sorbitol were determined according to a procedure described by Desnoues et al. (2014) .
Fresh and dry weights of flesh
Fruit fresh weight was determined at each sampling date for all genotypes. An estimation of the stone fresh weight was performed to assess the flesh fresh weight. Data were collected for several genotypes of the population from 2001 to 2008. As shown in Equation 1, these data were used to establish an empirical relationship between stone fresh weight (StoneFW) and fruit fresh weight (FruitFW):
The parameters a and k were estimated using the least-squares method. This method was implemented with the NLS function in R (R Development Core Team 2006) for C216 (a = 6.05, k = 0.11), C227 (a = 12.13, k = 0.07) and eight other genotypes (a = 8.6, k = 0.06).
Flesh dry matter content was measured independently for all genotypes and at all developmental stages. Flesh fresh weight powder (1 g) was dried for 1 week in an incubator at 37°C and then weighed. Flesh dry weight was calculated from the corresponding flesh fresh weight and flesh dry matter. Flesh fresh weight and flesh dry weights were then fitted with the curve described by G enard et al. (1991) (Equation 2). This curve was fitted independently for each genotype, with W representing weight and t representing time:
p1-p5 are positive parameters. The time courses of flesh fresh weight and dry weight are presented in Figure 7 .
The individual dry weight was used for calculating respiration and sugar supply (see below). Fresh weight was used for converting sugar quantity (simulated by the model) into sugar concentration for the whole fruit or for the cytosol and the vacuole compartments.
Cytological analysis
To determine the evolution of cytosol-to-cell and vacuole-to-cell ratios during peach fruit development, a cytological analysis was performed on cells obtained from fruit flesh. Three fruits of C227 were collected at 57, 71, 92 and 120 days after bloom (DAB). Small flesh fragments were sampled on equatorial and perpendicular planes. Flesh fragments were fixed in glutaraldehyde and embedded in Epon 812, as described in a procedure by Beauvoit et al. (2014) . Fifteen cells were measured for each orientation (equatorial and perpendicular planes), fruit and sample date. The width and height of the vacuole and the cell were measured with IMAGEJ software. The cell and the vacuole were assumed to be spherical because there was no significant difference between the width and the height for each orientation or between two orientations. The surface of the cell section, which was not occupied by the vacuole, was equally distributed between the cell wall and the cytosol (they were measured on 10 cells at 57 and 120 DAB). Cell compartments were considered as a series of concentric spheres. Thus, the radius corresponding to the cytosol and the vacuole was determined. The volumes corresponding to the vacuole, cytosol plus vacuole and the cell were calculated from their respective radii.
Within the cell, the proportions of vacuole and cytosol volume were determined at four different developmental stages for one genotype on three fruits per time point. A Fermi function was fitted with the experimental data ( Figure S1 ).
Measurement of sap sugar composition
An exudation experiment was performed to determine the composition of phloem sap. The exudate of phloem sap was collected from the cut apexes of 21 young plants, which were obtained from the selfing of a C216 genotype ('low fructose-to-glucose-ratio'). Plants were genotyped with markers surrounding the QTL responsible for the 'low fructose-to-glucose-ratio' phenotype (Quilot et al., 2004b) . Seven plants with homozygous P. davidiana allele, seven plants with homozygous P. persica allele, and seven plants heterozygous at the specific locus were studied. The protocol was adapted from King and Zeevaart (1974) . The apexes were cut in 20 mM ethylene diamine tetra acetic acid (EDTA) solution at pH 7, and were then placed in 1 ml of 20 mM EDTA solution at pH 7 for 4 h in a dark box with saturated humidity. Two apexes of each genotype were used as negative controls, and they were placed in 40 mM CaCl 2 solution to limit phloem exudation. The exudation solution was frozen in liquid nitrogen and stored at -20°C. Sucrose and sorbitol concentrations were determined by high-performance liquid chromatography 
MODEL DESCRIPTION
The model describes the carbon flows inside a peach fruit during fruit development, right from stone hardening to harvest, as a set of ordinary differential equations (Appendix S1).
For simplicity, the fruit was assumed to behave as a single big cell with two intracellular compartments, namely the cytosol and the vacuole. Carbon enters the fruit from the plant sap. Here it is transformed by a complex cellular network, including enzymatic reactions and transport mechanisms between the cytosol and the vacuole. Measured fruit mass and external temperatures are included in the model.
Enzymatic reactions
When not considered explicitly, enzymatic reactions are described with irreversible Michaelis-Menten (MM) kinetics in the physiological direction:
Herein, [S] is the substrate concentration in the considered cell compartment, V max is the enzymatic activity and K M is the Michaelis-Menten constant, describing the enzymatic affinity towards substrate S. Allosteric regulations have been considered only when necessary (see Model selection procedure). Only the allosteric regulation of AI was retained and described as competitive inhibition:
herein, [I] is the inhibitor concentration (i.e. the sum of fructose and glucose concentration, as in the case of AI) and K I is the inhibitor constant.
Tonoplastic transport
In specific metabolites, the cytosol and the vacuole were exchanged following two mechanisms: active or passive transport. Active transport was mediated by specific proteins carriers (antiporters), allowing sugar storage in vacuoles against the concentration gradient. As for enzyme kinetics, this kind of transport was represented by an irreversible Michaelis-Menten equation (Boorer et al., 1996; Rohwer and Botha, 2001; Borstlap and Schuurmans, 2004) :
Here [M cyt ] is the cytosolic concentration of a metabolite that is transported into the vacuole; V mTact and K mTact represent maximal activity and MM constant of the carrier, respectively.
Few studies have investigated the concentration and evolution of transporters during fruit development. Beauvoit et al. (2014) showed that the activity of transporters increases with the increasing age of tomatoes. It was assumed that the density of transporters per unit surface was constant. Consequently, transport increased proportionally with tonoplast surface during fruit development. Equation 6 is used for calculating total active transport flux: (6) where
Equation 7 is used to determine the surface of the vacuole (it is assumed to be spherical in shape), which is computed from the fresh weight of the vacuole, g Vac .
Passive transport facilitates the efflux of molecules, following their concentration gradient with respect to specific protein channels. Given its passive nature, this mode of transport can be represented by simple linear functions of the gradient concentration. As in the case of active carriers, it was assumed that the density of protein channels per unit surface remained constant. During fruit development, passive transport increased proportionally with respect to the tonoplastic surface, T surf :
Depending on the sugar, different transport mechanisms have been reported in the literature. In the case of sucrose, active sucrose transport occurred from the vacuoles to the cytosol; moreover, passive sucrose transport has never been demonstrated in a sink organ. Only an active import flow of sucrose into the vacuole was represented in the model. Preisser and Komor (1991) reported that transporter saturation did not occur at the physiological concentration of sugarcane. Therefore, we decided to represent this transport with a simple linear function of cytosolic sucrose concentration instead of an MM equation (F4). For hexoses, it was reported that both active and passive transport occurred in the vacuolar membrane of fruit (Martinoia et al., 2012) . They were therefore included in the model (F5, F6, F7, and F8) . Hexose active transporters were represented by an MM equation with competition between fructose and glucose, as presented by Beauvoit et al. (2014) . Very little information is available on sorbitol transporters, and none of this information pertains to the tonoplast (Wei et al., 2014) ; however, a tonoplastic transport mechanism is at least required to transport sorbitol in the vacuoles of peach, so the sorbitol transporter was considered as passive transport (F19) (Jiang et al., 2013) .
Respiration
Fruit respiration was calculated as the sum of both maintenance respiration and growth respiration, according to growth-maintenance paradigm (Thornley and Cannell, 2000) :
Here, DW is the fruit dry mass, q g is the growth respiration coefficient, q m is the maintenance respiration coefficient at 20°C, Q 10 is the temperature ratio of maintenance respiration and T is the temperature (°C).
Respiration did not exhibit any significant difference between genotypes (Desnoues et al., 2014) . To simulate the respiration of all genotypes, the set of parameters used was same as that described by G enard et al. (2010) .
Sugar supply
According to a study conducted by G enard et al. (2003) , the total sugar unloading of fruit (g C per day) was deduced directly from field measurements of fruit dry mass growth. Equation 10 shows that the total carbon supply is estimated as the sum of the carbon used for respiration and growth:
Here r f is the carbon concentration of the mesocarp (g C per gram of dry mass).
The measured sucrose to total sap sugar (sucrose + sorbitol) ratio (see Measurement of sap sugar composition) was used to define the sap composition in terms of sucrose and sorbitol content. A unique value of sucrose sap proportion (k = 0.65) has been used for all genotypes. This value was assumed constant during fruit development.
Sucrose coming from sap flow can be further hydrolyzed into glucose and fructose before reaching the cytosol. It has been reported that the invertase activity of the cell wall decreases during fruit development in tomatoes and Rosaceae (Ranwala et al., 1992; Kortstee et al., 2007; Li et al., 2012; Zhang et al., 2014) . It was assumed that the sucrose fraction k Suc (t) was not hydrolyzed by cell-wall invertase, which is a linearly increasing function of time (day):
Equation 11 shows that t max corresponds with maturation time (specific to the genotype), which was directly deduced from the data. In contrast, the parameter k Suc was estimated numerically. Furthermore, k Suc (t) participates in the elaboration of flows F1 and F3 (Figure 1 ).
Model selection procedure
A model selection procedure was carried out to define the model structure, following a principle of parsimony. A model without any allosteric regulation was defined first.
Following information from the literature, allosteric control was then tested on SDH (Archbold, 1999; Zhou et al., 2006) , SuSy (Schaffer and Petreikov, 1997) and AI (Sampietro et al., 1980) , and model improvement was evaluated by the Akaike information criterion (Burnham and Anderson, 2002) . To keep the model as simple as possible, the addition of allosteric inhibition was maintained only if a significant improvement in the fitted model was observed. In the retained model, AI was inhibited by fructose and glucose. The inhibition parameter (K i _ AI ) was numerically estimated along with other parameters.
Model parameterization
The final model includes thirty parameters. To parameterize the enzyme kinetics, V max was measured in a study conducted by Desnoues et al. (2014) . In particular, given the low diversity of enzyme capacities observed across the population, an average enzyme capacity was defined per phenotypic class and year for each of the enzymes. To achieve this aim, a polynomial curve was fitted to V max by means of a generalized mixed linear-effect model (Desnoues et al., 2014) . Some V max values varied depending on developmental stage and/or the fructose phenotype, whereas others remained constant (Table S1 ). There were very small differences in V max between opposite fructose types, but they have no significant effect on the resultant sugar concentration (Desnoues et al., 2014) .
Most K M values were fixed based on published data, which were obtained from research studies of peach or fruit (Table S1 ). As different isoforms were present in variable proportions (Kanayama et al., 1998 (Kanayama et al., , 2005 Tanase and Yamaki, 2000) , the apparent K M (depending on the proportion of each isoform) was unknown for some enzymes. Thus, the apparent K M values of HK, FK and SuSy were estimated numerically.
Transport mechanisms between cytosol and vacuole were explicitly represented in this model. There is a general lack of data concerning transporters, including their number, lifetime and evolution during cell expansion. In the absence of further information, six parameters linked to vacuolar transport kinetics were assumed to be constant, and were estimated numerically (Table S1) .
Overall, 14 parameters were estimated to fully calibrate the model (Table S1 ).
Initialization, numerical integration and parameter estimation
Model integration and calibration was performed using MAT-LAB software. The ODE solver ode23s based on a modified Rosenbrock formula of order 2 (Shampine and Reichelt, 1997) was used. Parameter estimation was performed using the genetic algorithm (ga function, global optimization toolbox). To run simulations, initial conditions were based on concentrations of sucrose, glucose, fructose and sorbitol. These conditions were measured for each genotype at the first stage of development. The cost function (to be minimized) was defined as the sum of the squares of the differences between simulated and measured fruit sugar concentrations (glucose, fructose, sorbitol and sucrose) over the entire period of fruit development. The ga function in MATLAB was used for fitting. The fitting process was considered at convergence when the average relative change in the best-cost function value over generations was less than 1e À6 . For parameter estimation, boundary values were initially defined from the literature and then increased if needed (i.e. if estimations were mostly at the boundary) to potentially offset the effect of other possible regulatory mechanisms, which were not accounted for in the model. Final estimation ranges are reported in Table S1 .
To ensure a good exploration of the parameter space, 24-29 estimations were performed for each genotype by randomly varying the initial population. The estimations that had not more than 10% deviation from the lowest sum of squared differences between simulations and observations for each genotype were kept for subsequent analyses. Eventually, eight estimations were kept for genotype E1, eight for genotype E22, 10 for genotype E33, seven for genotype E43, seven for genotype F106, eight for genotype F111, 10 for genotype F146, 10 for genotype H191, 10 for genotype C216 and four for genotype C227. A PCA analysis was performed on the values for 14 parameters for each of these retained estimations by using the ADE4 library in R (R Development Core Team 2006).
Sensitivity analysis
A sensitivity analysis based on the Morris method (Saltelli et al., 2004) was performed on cost function, which was used for parameter estimation and for identifying most influential parameters. We assumed a uniform distribution of values within an estimation range for the parameters. For each of the 14 estimated parameters, the average and the variance of the elementary effects (l and r, respectively), as well as the mean of their absolute values (l*) were determined by the Morris method (Saltelli et al., 2004) . A separate analysis was performed for each genotype. MATLAB software was used to implement this model. The results are shown in Figure S10 .
Virtual classification experiment
By randomly assigning model parameters and inputs, 100 000 virtual genotypes were simulated using MATLAB software. Parameters were considered randomly by assuming a uniform distribution between the minimum and the maximum estimated values over the entire set of genotypes and estimations. Inputs and parameters, such as fruit weight, maturity date, initial sugar concentration and V max of NI, FK and HK were considered randomly among the values used for 10 genotypes under this study. Pearson correlations between fructose-to-glucose ratio and the value of 14 model parameters were assessed using R software (R Development Core Team 2006).
The same experiment was performed for another 100 000 virtual genotypes, but the Kfk value was fixed. For 50 000 simulations, the Kfk value was fixed at 16.58 (the average estimated value of the 'standard fructoseto-glucose ratio' phenotype). For the remaining 50 000 simulations, the Kfk value was fixed at 1.52 (the average estimated value of the 'low fructose-to-glucose ratio' phenotype). The inputs and the remaining 13 parameters were taken randomly, as previously. By using the 'TTEST' function in MATLAB, a Wilcoxon test was performed and the resultant 'fructose-to-glucose ratio' was compared at maturity.
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